Recently, a dynamic-interactive model of person construal (DI model) has been proposed, whereby the social categories a person represents are determined on the basis of an iterative integration of bottom-up and top-down influences. The current study sought to test this model by leveraging the high temporal resolution of event-related brain potentials (ERPs) as 65 participants viewed male faces that varied by race (White vs Black), fixating either between the eyes or on the forehead. Within face presentations, the effect of fixation, meant to vary bottom-up visual input, initially was large but decreased across early latency neural responses identified by a principal components analysis (PCA). In contrast, the effect of race, reflecting a combination of top-down and bottom-up factors, initially was small but increased across early latency principal components. These patterns support the DI model prediction that bottom-up and top-down processes are iteratively integrated to arrive at a stable construal within 230 ms. Additionally, exploratory multilevel modeling of single trial ERP responses representing a component linked to outgroup categorization (the P2) suggests change in effects of the manipulations over the course of the experiment. Implications of the findings for the DI model are considered.
Introduction
Traditional models of person perception hold that, upon seeing a person, perceivers rely on visual information to place him or her into a relevant social category (e.g. male or female) (Fiske and Neuberg, 1990; Bodenhausen and Macrae, 1998) . Activation of social categories is assumed to be automatic, supported by evidence from a variety of behavioral paradigms showing that the activation of category-related information occurs even when perceivers are under cognitive load (Macrae et al., 1994) ; when categories are irrelevant to the participant's task (Fazio et al., 1995) ; and when category-related primes are presented subliminally (Devine, 1989; Lepore and Brown, 1997) . Activation of social categories subsequently impacts a number of downstream consequences, including stereotype activation (Hehman et al., 2013) , evaluative associations (Livingston and Brewer, 2002) , non-verbal behavior (Dovidio et al., 1997) and trust (Stanley et al., 2011) .
Recently, research on person construal has focused on the antecedents of social categorization rather than its consequences (Kawakami et al., 2017) . In particular, the dynamic interactive theory of person construal (DI Model) proposes a more complex process whereby categorization decisions are not solely dictated by the visual information being perceived (Fodor, 1983) , but rather reflect integration of bottom-up and top-down processes . This idea incorporates knowledge about the organization of neural networks that allow for top-down inputs on primary visual cortical areas (Di Russo et al., 2003; Collins and Olson, 2014; Vetter and Newen, 2014; Teufel and Nanay, 2017) and the bidirectional interplay between cognition and perception (Gilbert and Li, 2013 ).
The DI model suggests that, when faces are the objects of perception, perceptual cues in target faces partially activate multiple competing social categories, which resolve over iterations that cycle information through higher-order and lowerorder systems to arrive at a stable representation Stolier and Freeman, 2016a,b) . According to this model, the active representation of the face (for example, whether the person is White or Black) is initially informed largely by bottom-up processes operating on information in visual cortex and primarily reflecting objective sensory information, such as skin tone and hair texture. Subsequently, this initial, tentative representation activates higher-order neural systems that access learned information, such as stereotypes, expectations, motivations and goals of the perceiver, which then influence the active representation in a top-down manner. For example, seeing a racially ambiguous person in a business suit versus a janitor's uniform changes the likelihood that he or she will be categorized as Black or White because of learned associations between social status and race .
This integrative process provides a mechanism by which top-down variables can influence early social categorization processes, consistent with findings from a number of recent studies. For example, conditions of economic scarcity (Rodeheffer et al., 2012; Ho et al., 2013; Krosch and Amodio, 2014) , political orientation (Krosch et al., 2013) , semantic labels (Tskhay and Rule, 2015) and motivation to be unbiased (Chen et al., 2014) all have been shown to affect the categorization of racially ambiguous faces.
The current study expands on this prior work in several ways. Whereas many previous studies have used faces morphed along a racial continuum to vary the visual information they convey (Krosch and Amodio, 2014) , the current study included a visual fixation manipulation to change the bottomup influence of visual information without changing the stimuli themselves. Previous research has shown that varying fixation is effective in changing the extent to which racial category information is extracted from faces Lewis, 2006, 2011) . Here, fixation location varied between the eyes and the forehead. Fixating between the eyes is the default in spontaneous face processing (Kawakami et al., 2014; Peterson and Kanwisher, 2015) , and therefore is thought to convey more categoryrelevant information (Hills and Lewis, 2006) . In contrast, the forehead is an unusual fixation location that conveys little category-relevant information. In this way, initial attention to sensory information could be manipulated without altering the faces, thereby facilitating examination of the effect of bottomup processes.
Social category information also was manipulated by presenting faces that varied by race. Perceiving race involves both bottom-up processes, including differences in brightness and contrast related to skin tone and spatial frequencies reflecting variability in facial physiognomy (Hayward et al., 2008; Zhao and Bentin, 2011) , and top-down processes including accessing learned information that associates differences in facial features with distinct racial categories (Levin and Banaji, 2006) . The influence of top-down processes in social categorization is analogous to the way learning and verbal labels encourage the perception of a continuous band of light frequencies as separable colors (Collins and Olson, 2014) . Here, bottom-up differences were minimized by converting the images to gray scale and adjusting luminance. While not a pure distinction, incorporating experimental manipulations that differentially rely on bottom-up and top-down processes allowed us to examine the time course of their integration. In accordance with the DI model , we expected the effect of fixation (mainly representing differences in bottom-up processes) to be large upon initial perception of a face but to decrease as person construal continued, whereas the effect of race (representing differences in both top-down and bottom-up processes) was expected to be small initially but to increase as processing iterations unfold.
Event-related brain potentials (ERPs) were recorded to allow observation of this theorized integration over time [see Amodio et al., (2014) , for background on the ERP approach]. Two methods of analyzing ERP data were used to test hypotheses derived from the DI model: (1) a traditional approach examining mean amplitude of a scalp-recorded component previously associated with social categorization (the P2 or P200; Ito and Bartholow, 2009) , and (2) a principal components analysis (PCA) approach examining a sequence of underlying components contributing to early face processing.
The P2 generally peaks 150-250 ms post-stimulus along the scalp midline and has been associated with early orienting of attention to threatening or distinctive stimuli (Correll et al., 2006; Kubota and Ito, 2007) . Outgroup faces consistently elicit larger P2s than ingroup faces (Willadsen-Jensen and Ito, , 2008 Amodio, 2010; Dickter and Kittel, 2012) . This occurs regardless of task relevance Urland, 2003, 2005; Kubota and Ito, 2007; He et al., 2009) or context (Correll et al., 2006; Dickter and Bartholow, 2007; Willadsen-Jensen and Ito, 2008) , consistent with the notion that ingroup-outgroup distinctions occur spontaneously. Importantly, prior research indicates the P2 is sensitive to category distinctions, not simply to low-level perceptual features of faces. Specifically, Dickter and Bartholow (2007) found that while Black faces elicited larger P2 amplitude than White faces among White participants, the opposite pattern emerged among Black participants. We expected to replicate this well-established effect, such that Black faces elicit larger P2s than White faces in a predominantly White sample.
A concern with the traditional measurement of the P2 as mean amplitude within a particular time window is that it effectively removes the inherently multivariate nature of the ERP, eliminating its main advantages-its millisecond-level temporal resolution and continuous measurement over time. Therefore, we also used PCA to investigate predicted changes in the effects of our manipulations over a sequence of quickly unfolding neural responses that both precede and comprise the P2. The scalp-recorded ERP waveform represents the summation of neural activity that overlaps in time and space (Luck, 2005) . PCA allows decomposition of this waveform into unique clusters of variance that meaningfully reflect distinct, underlying psychological processes (Dien and Frishkoff, 2005) . Based on the DI model, we hypothesized that fixation, primarily representing differences in the influence of bottom-up processing, would have a large effect on early components but then diminish in subsequent components. Conversely, we hypothesized that race, which operationalizes more top-down differences in categorical perception, would have a small effect initially but then increase as neurocognitive iterations progressed.
Here, a multilevel modeling (MLM) approach was used to statistically test the effect of race and fixation on early-latency neural responses to faces. MLM has been advocated as more appropriate than repeated-measures ANOVA for psychophysiological data (Kristjansson et al., 2007; Vossen et al., 2011; Tibon and Levy, 2015; Tremblay and Newman, 2015) , because (1) MLMs have more relaxed assumptions regarding sphericity, which psychophysiological data often violate; (2) MLMs allow simultaneous parsing of variance associated with different grouping variables, including subjects, electrodes or stimulus items, thereby reducing error variance; (3) MLMs handle unbalanced or missing data, such that individuals with missing observations can be retained in the analysis; and (4) MLMs model effects of both categorical and continuous predictors simultaneously. These advantages make MLM a highly flexible and powerful analytic technique for ERP data (Page-Gould, 2017) .
Traditionally, ERP responses are averaged over tens or hundreds of trials to extract the signal of interest (e.g. amplitude of a given component) from background EEG responses unrelated to stimulus processing (Luck, 2005) . Given MLM's ability to handle unbalanced data and parse variance in a way that reduces error variance, data from individual trials can be modeled separately, thereby permitting examination of changes in the effects of interest over the course of many trials. While not directly pertinent to testing DI model predictions (which focus on events within trials), we present exploratory findings using this across-trials approach as a way of investigating stability and change in P2 amplitude in response to our manipulations over the course of the experiment.
Finally, the current study employed two different tasks to examine whether the task-relevance of person construal affects the applicability of the DI model. The first task was based on traditional evaluative priming paradigms (Fazio et al., 1995; Livingston and Brewer, 2002) , in which faces are irrelevant to the task of categorizing words as positive or negative. In contrast, faces were directly task-relevant in the second task as participants were asked to simply categorize them by race.
Methods

Participants
Sixty-five individuals (34 women, 31 men) participated in exchange for credit towards a research requirement in an Introductory Psychology course, or for monetary compensation. Participants ranged from 18 to 48 years old (M ¼ 20.4). Sixty selfidentified as White, two identified as Asian and three identified as more than one race. None identified as African-American.
Measures and procedure
Two computer tasks were administered using E-Prime (Psychology Software Tools, Inc., USA). Participants were seated $40 inches from a 20-inch CRT monitor refreshing at 60 Hz. EEG data were recorded while each participant first completed the evaluative priming task and then the race categorization task. Evaluative priming task. The evaluative priming task was modified from tasks used previously (Fazio et al., 1995) and is designed to measure bias in evaluative associations with African-American and European-American men. During each trial, a fixation cross was presented in the center of the screen (jittered: either 500, 700 or 900 ms), followed by a face prime (310 ms), then a blank screen (50 ms) and then a target word (200 ms), followed by a visual mask (600 ms). Prime stimuli consisted of photographs of Black and White men's faces with neutral expressions (taken from Ma et al., 2015) . In order to reduce differences in low-level perceptual features across faces, the photographs were converted to gray scale and the brightness and contrast of the images were adjusted to be roughly equivalent across stimuli; differences could not be completely eliminated, however. Additionally, the location of the face prime varied so that the fixation cross preceded either the middle of the forehead or between the eyes (each face stimulus was presented once in each fixation position). Target stimuli consisted of positive and negative words that were somewhat visually degraded (see Supplementary Material for a complete list). Participants identified the valence of the target word using two keys on a ms-accurate keyboard using the index fingers of each hand; response mapping varied randomly across participants. Failure to respond within 800 ms of target onset elicited a 'TOO SLOW' warning displayed for 1000 ms. The ITI was 600 ms.
Participants completed 16 practice trials, followed by 512 experimental trials. Trial type (e.g. Black-eyes-positive word, Black-eyes-negative word, etc.) varied randomly, with 64 trials of each type in total. The same eight positive and eight negative words were used in the practice and experimental trials. Thirtytwo faces of each race were used in the experimental trials; a different set of faces was used in the practice trials.
Race categorization task. In the race categorization task, participants viewed the same faces as in the experimental trials of the priming task, again presented in both fixation positions. Participants were asked to simply categorize the faces by race using two buttons on a keyboard. During each trial, a fixation cross was presented (jittered: 500, 700 or 900 ms), followed by a face (270 ms) presented either in the eyes-fixation or foreheadfixation position, which was then masked (530 ms). Failure to respond within 800 ms following target face onset elicited a 'TOO SLOW' warning displayed for 1000 ms. The ITI was 600 ms. Participants completed eight practice trials followed by 256 experimental trials. Trial type varied randomly, with 64 trials of each type being presented total.
Electrophysiological recording and processing
EEG data were collected using 20 tin electrodes embedded in a stretch-lycra cap (Electro-Cap, International, Eaton, OH) and placed in standard 10-20 locations (American Encephalographic Society, 1994) .
2 All scalp electrodes were referenced online to the right mastoid; an average mastoid reference was derived offline. Signals were amplified with a Neuroscan Synamps amplifier (Compumedics, Charlotte, NC), filtered on-line at 10-40 Hz at a sampling rate of 1000 Hz. Impedances were kept below 10 KX. Ocular artifacts (i.e. blinks) were corrected from the EEG signal using a regression-based procedure (Semlitsch et al., 1986) . Trials containing voltage deflections of 675 microvolts (lV) were discarded, as were trials that contained large muscle artifacts as determined by visual inspection. P2 quantification. Grand averages (ERP activity averaged across trials and participants) revealed a positive-going deflection peaking roughly 160 ms following the presentation of a face and maximal at the centro-parietal midline (CPz), consistent with previous characterizations of the P2 during face processing (Ito and Urland, 2005; Dickter and Bartholow, 2007) . The P2 was quantified in both tasks as the mean amplitude from 130 to 190 ms post-face onset (30 ms before and after the peak at CPz) at seven central and centro-parietal locations (Cz, C3, C4, CPz, CP3, CP4 and Pz).
Statistical approach. The R package 'lme4' (Bates et al., 2015b ) was used to fit multilevel models for data analysis. We allowed for covariances between random slopes and intercepts, using model-specification procedures described by Bates et al., (2015a) to determine the most appropriate random effects structure. This involved starting with a maximal model and then removing random slopes based on the magnitude of the correlations between random effects. Estimated random effect variances and correlations can be found in the Supplementary Material. Satterthwaite approximations were used to estimate degrees of freedom and to obtain two-tailed P values; in situations where the degrees of freedom were above 200, we report the results as z statistics. Data and code used for analysis can be found at https://github.com/hiv8r3/ERP-fix-analyses.
Results
Only trials on which correct responses were given were used in analyses. Reaction time (RT) and ERP data from the priming task for two subjects were discarded because accuracy was > 3 SDs below the mean (65.6% and 50.2%, respectively). Data from the categorization task for one subject were similarly discarded (60.9% accurate). Mean RTs and accuracy rates are presented in Table 1 .
Reaction time
Evaluative priming task. Race of the face prime, valence of the target word and fixation were included in the model as predictors (dummy-coded: Black ¼ 0, White ¼ 1; negative ¼ 0, positive ¼ 1; eyes ¼ 0, forehead ¼ 1). The most appropriate random effects structure was determined to be one in which the intercept and effect (slope) of word valence varied by subject, and the intercept varied by stimulus. The Race Â Word Valence interaction was significant, b ¼ 5.86, z ¼ 2.37, P ¼ 0.018. The pattern of means associated with this interaction indicated that responses were faster to positive than negative words following both Black and White faces (Figure 1 ), but this facilitation effect was slightly (but significantly) larger following Black faces (M ¼ 15.5 ms) compared to White faces (M ¼ 12 ms). A main effect of Fixation also emerged, b ¼ À3.89, z ¼ À2.23, P ¼ 0.026, such that words were evaluated more quickly following a forehead fixation than an eyes fixation. No other effects were significant; additional analyses can be found in the Supplementary Material.
Race categorization task. Race of the face prime and fixation were included as predictors (dummy-coded as before). The most appropriate random effects structure was determined to be one in which intercept and slopes of race and fixation (but not their interaction) varied by subject, and the intercept varied by face stimulus. 
Primary ERP results: effects within trials
Traditional P2 amplitude analysis. We first tested the effects of race (Black ¼ 0, White ¼ 1) and fixation (eyes ¼ 0, forehead ¼ 1) on P2 amplitude using a traditional mean amplitude approach. Grand average ERP waveforms depicting the P2 are given in Figure 2 . The random effects structure allowed the intercept, slopes of race, fixation and their interaction to vary by subject and the intercept to vary by electrode nested within subject. A significant main effect of Race was estimated in both the priming task, b ¼ À0.79, t(61.62) ¼ À5.83, P < 0.001, and the categorization task, b ¼ À1.20, t(63.36) ¼ À4.81, P < 0.001, such that Black faces elicited larger (more positive) P2s than White faces. A significant main effect of Fixation also emerged in both the priming task, b ¼ À0.39, t(62.15) ¼ À2.03, P ¼ 0.047, and the categorization task, b ¼ À0.69, t(63.48) ¼ À2.95, P ¼ 0.005; larger P2s were elicited in the eyes-fixation than the forehead-fixation condition. The Race Â Fixation interaction was not significant in either task, Ps > 0.34. Additional analyses can be found in the Supplementary Material. Principal components analysis. The primary hypothesis of the DI model (i.e. that the influence of variables representing bottom-up and top-down contributions changes as person construal progresses within individual trials) was tested by subjecting ERP responses to a sequential temporospatial PCA (Dien and Frishkoff, 2005) , using the Matlab PCA ERP Toolbox (Dien, 2010) . Separate PCAs were computed for the categorization and priming task data. Given that the presentation of the face was interrupted in the evaluative priming task after 360 ms, and because we were interested only in early person construal processes, we examined PCA components that emerged within 300 ms of face presentation. Details concerning extraction of components can be found in the Supplementary Materials. To facilitate interpretation of the PCA results, the portion of the original data set represented by each temporospatial factor combination was reconstructed (i.e. in microvolts) into factor waveforms by multiplying factor scores by their corresponding loadings and SDs. These reconstructed factor waveforms were then ordered temporally (henceforth referred to as Virtual Factors [VFs] 1 through 3 representing their temporal order) and viewed in comparison with the grand average ERPs (Figure 3) .
To investigate the effects of race and fixation on each virtual factor, the mean amplitude of each factor was calculated separately for each condition and individual within the two tasks. In the evaluative priming task, VF-1, which peaked at 115 ms poststimulus onset and was maximal at Pz, was quantified as mean amplitude 80-140 ms post-stimulus. VF-2, which peaked at 148 ms and was maximal at FCz, was quantified as mean amplitude 115-180 ms post-stimulus. VF-3 peaked at 179 ms and was maximal at CPz, and was quantified as mean amplitude 145-230 ms post-stimulus.
3 Mean VF amplitudes were subjected to MLMs with Race and Fixation (but not their interaction) as predictors and a random effects structure where the intercept and slopes of both effects varied by subject and the intercept varied by electrodes nested within subject. Predictors were effect-coded. Results across the three models revealed an increase in the (absolute-value) effect of race across the three virtual factors, while the (absolute value) effect of fixation decreased across the three virtual factors (Table 2, Figure 4) . Specifically, the 95% confidence intervals for each estimate indicate a similar magnitude of the effect of Race on VF-1 and VF-2 but a statistical increase in the magnitude of the effect of Race from VF-2 to VF-3. In contrast, the magnitude of the effect of Fixation decreases from VF-1 to VF-3, although the magnitude of the effect on VF-2 does not statistically differ from either VF-1 or VF-3. Using data from the race categorization task, a temporospatial PCA revealed three components that matched VF-1, VF-2 and VF-3 from the priming task in timing and location: VF-1 peaked at 113 ms post-stimulus and was maximal at Pz; VF-2 peaked at 143 ms and was maximal at FCz; and VF-3 peaked at 172 ms and was maximal at Cz. Because of these similarities and the fact that they were elicited by the same face stimuli, these components were judged to represent similar processes across tasks. Quantification and analyses mirrored those for the priming task data, and a similar pattern was found: the effect of race increased as processing continued, while the effect of fixation decreased (Table 2, Figure 4) . Examination of the 95% confidence intervals revealed the same pattern of results as in the categorization task.
Exploratory ERP results: effects across trials
Mean P2 amplitudes (130-190 ms post-face onset) from individual trials over the course of each task as a function of the race and fixation manipulations are plotted in Figure 5 . Across both tasks, the data suggest an overall sensitization of the P2 (increasing across trials) and differing effects of race and fixation. Specifically, whereas the effect of race was evident from the earliest trials in both tasks, an effect of fixation emerged only as each task progressed such that P2s became larger in the eyes-fixation condition than the forehead-fixation condition. Moreover, race and fixation appeared to interact as the task progressed. These trends were confirmed by MLMs conducted separately with data from each task (Trial was added as a continuous predictor and rescaled to range from 0 to 10 in each task), the results of which are given in Table 3 . The presence of significant Race Â Fixation Â Trial interactions in both models confirms that the slopes related to each effect differed, i.e. that the increases in P2 amplitude over the course of the tasks were asymmetrical across the four conditions. To probe this interaction, slope estimates and 95% confidence intervals were calculated in accordance with Bauer and Curran (2005) (Table 4 ). All estimates are significantly different from zero, demonstrating positive change in P2 amplitude over the course of both tasks in all classes of stimuli. However, in both tasks, P2 amplitude in the Black-eyes condition increased more than in the other three conditions, as indicated by lack of overlap in the confidence intervals.
Discussion
The purpose of this study was to directly test elements of the DI model of person construal, using ERP data acquired while participants viewed faces of different races. The primary innovation of the DI model is its characterization of person construal as an iterative process in which bottom-up perceptual information is integrated with (top-down) stored representations related to social categories . A key assumption of this model is that bottom-up processes have a larger initial effect, while effects of top-down processes emerge later in processing. Here, this basic premise was tested using a fixation manipulation to control the visual information to which perceivers initially attended upon seeing faces of White and Black men.
We used multiple methods to investigate the ERP data from this study. A traditional mean amplitude approach to the P2 showed that, as in previous studies (Ito and Urland, 2003; Dickter and Bartholow, 2007) Black (outgroup) faces elicited larger P2s than White (ingroup) faces, regardless of fixation location. Additionally, fixating on the eyes elicited larger P2s Fig. 3 . Grand average waveforms elicited during both tasks overlaid with PCA-derived waveforms depicting virtual factor 1 through 3 in temporal order collapsed across conditions. The dashed vertical line indicates onset of the face. than fixating on the forehead. Although not predicted, this effect is consistent with evidence that faces with direct gazes are arousing and capture attention (Gale et al., 1978; Senju and Hasegawa, 2005) . Race and fixation location did not interact in this analysis, however.
Next, we examined the incorporation of bottom-up and topdown factors early in processing by testing the effects of race and fixation on a sequence of early components identified by a temporospatial PCA. In accordance with DI model predictions, we expected the effect of fixation (mainly representing differences in bottom-up processes) to be large upon initial perception of a face but to decrease over subsequent processing steps, whereas the effect of race (representing differences in a combination of top-down and bottom-up processes) was expected to be small initially but to increase over processing iterations.
Consistent with these predictions, the effect of fixation was evident in the earliest component (80-140 ms following face onset) and decreased over the next 100 ms. In contrast, the effect of race on the first two components was small but increased dramatically in the third component. The very early emergence of VF-1 and its largely posterior scalp distribution suggest this component reflects activity in visual cortical circuits that is responsive to low-level stimulus features, such as the more complex spatial frequencies around the eyes relative to the forehead (Keil, 2009) , and that is responsible for amplification of sensory information flowing to other parts of the visual attention pathway (Hillyard and Anllo-Vento, 1998) . The temporal and spatial overlap between VF-3 and the P2 evident in the grand averages suggests that VF-3 directly contributed to the P2. This possibility is bolstered by the fact that the P2 is known to be highly sensitive to distinguishing social categories (Ito and Urland, 2003; Dickter and Bartholow, 2007) , and that social category information (in this case, race) had a pronounced effect on VF-3 but a smaller effect on the preceding components.
More importantly, the increasing effect of race across the PCA-derived factors suggests that learned racial categories accessed from higher-level memory percepts contribute to the active representation of the social category in a top-down manner over time (Collins and Olson, 2014) . Of course, it is important to acknowledge that stimulus features eliciting bottom-up and top-down processing were somewhat confounded in the current study. Given that race-related differences reflect both low-level, stimulus-driven and higher-level learned features, categorization by race represents a combination of bottom-up and top-down processes (Levin and Banaji, 2006) . Indeed, the significant effect of race on the amplitude of VF-1 is likely due to low-level visual differences between faces of different races, despite efforts to equate stimuli on those dimensions. However, the increasing effect of race suggests learned racial categories accessed from higher-level memory percepts contribute to the active representation in an integrative way over time (Collins and Olson, 2014) . Future research could extend this finding by using faces that do not differ in their low-level stimulus properties, as in a minimal groups design (Ratner and Amodio, 2013) , to avoid bottom-up and top-down confounds. Another concern with the current design is that task order and the taskrelevance of race categorization were confounded. Thus, inferences concerning the independence of the observed patterns from perceivers' goals should be tempered. Still, the fact that such similar patterns emerged in both tasks is encouraging.
The exploratory analyses examining change in P2 amplitude across trials suggested that P2 amplitude increased across both tasks, and that this increase was most pronounced for Blackeyes trials. This pattern may be the result of participants' increasing ability to extract category-related information as the task continues, especially when focusing on the eyes-a highly practiced fixation location (Kawakami et al., 2014) -and especially for outgroup faces, which elicit increased attention (Dickter and Bartholow, 2007) . However, because inferences about the meaning of the face-elicited P2 are based on methods that assume the signal associated with the P2 is constant, analyzing the P2 with this new approach impacts the (reverse) inferences we make about its psychological significance (e.g. Poldrack, 2006 , but see Hutzler, 2014 , and so we view this conclusion with caution. It is also important to emphasize that examination of change in P2 amplitude across trials is not relevant to testing DI model predictions, which focus on changes that should occur within trials (i.e. within construal events) as a function of various manipulations.
Interestingly, the P2's sensitivity to race was not reflected in priming task behavioral responses. The typical pattern of response facilitation for negative words following Black faces (Fazio et al., 1995) was not seen in either fixation condition. Instead, participants were quicker to respond to positive than negative words in both race conditions, and this effect was consistent over the course of the task (see Supplementary Material). The phenomenon of evaluative priming is sensitive to a number Note. Numbers in brackets are the 95% confidence interval around the estimate.
Trial has been rescaled to range between 0 and 10 for both tasks. of parameters (Spruyt et al., 2011) . Thus, it could be that the SOA used here was too long to produce the behavioral priming phenomenon (see Supplementary Material for more extensive discussion). However, differentiation by race in the P2 and early PCA components provides evidence that categorization occurred, despite lack of behavioral evidence that this categorization had downstream consequences related to prejudice. These data are consistent with the idea that behavioral priming phenomena rely on response output processes, such as response conflict (Klinger et al., 2000; Bartholow et al., 2009) , which are more sensitive to SOA and other task parameters (Spruyt et al., 2007) than the initial categorization of faces.
In conclusion, the current study provides a novel demonstration using PCA that bottom-up and top-down processes integrate information in an iterative way to arrive at a stable person construal. Remarkably similar neural responses to faces were observed regardless of the relevance of social categorization for perceivers' task goals, suggesting automaticity of relevant construal processes. The temporal sensitivity of EEG and the ability for PCA to separate closely occurring but unique sources of variation in brain activity allows relatively direct access to this integration, which occurs before any behavioral response can be made, and speaks to the power of using covert measures of brain activity to investigate early and quickly unfolding processes of person construal.
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